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G1In this paper, we use a set of newly introduced implied volatility indexes to investigate the directional connect-
edness between oil and equities in elevenmajor stock exchanges around the globe from 2008 to 2015. The infer-
ence on the oil–equity implied volatility relationships depends on Diebold and Yilmaz (2012, 2014, 2015) who
proposed a set of directional measures that enable the dynamic and directional characterization of the relation-
ships among ﬁnancial variables.We ﬁnd uniform results across the sample countries indicating that the connect-
edness between oil and equity is established by the bi-directional information spillovers between the two
markets. However, we ﬁnd that the bulk of association is largely dominated by the transmissions from the oil
market to equity markets and not the other way around. The pattern of transmissions is varying over the sample
period; howevermost of the linkages between oil and equities are established from themid of 2009 to themid of
2012 which is a period that witnessed the start of global recovery.
© 2016 Elsevier B.V. All rights reserved.
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The relationship between oil and equity prices has attracted a lot of
research. However, there have been a few studies that have focused on
the relationship between oil and stock prices' volatility, particularly in
the period following the ﬁnancial global crisis. Moreover, most of
research on the oil–equity relationship is based on statistical model
volatilities and not on the volatilities used by the market to price op-
tions. In this paper, we examine the after crisis connectedness between
oil implied volatility and equity implied volatilities in elevenmajor stock
exchanges around the globe.1 To the best of our knowledge, this has not
been done before in the oil–equity volatility relationship literature.
The study was not possible without the recently published crude oil
implied volatility index (OVX) by the Chicago Board Options Exchange
(CBOE) which has allowed for the investigation of the volatility con-
nectedness between oil and equities that is implied by option market
prices and not by historical returns. This type of analysis can provide an-
other perspective on the association between oil and equities for manyhyereh),
usek.edu.lb (E. Bouri).
y, Russia, Sweden, Switzerland,reasons. First, implied volatilities are more accurate measures of the
latent volatility process than either ARCH models or realized
volatilities.2 Second, as volatilities are derived from market option
prices, they are forward looking and thus they represent the markets'
consensus on the expected future uncertainty. The implied volatility
linkages acrossmarkets are therefore informative about the relation be-
tween market participants' expectations of future uncertainty. This is
important as it provides insights into ways of building accurate equity
and option valuation models and improves forecasts of cross market
volatility. Third, implied volatilities depend on fear and not only on
the markets' expectations of future volatility. When fear is high, a risk
premium follows and options are priced with higher volatilities than
the volatilities usedwhen fear is low. In that sense, the implied volatility
analysis tracks the investors' sentiment and, therefore, the inferred vol-
atility connectedness reﬂects fear connectedness that is expressed by
market participants as they trade.3 Fourth, in the recent years andvolatility compared to other volatility. Furthermore, the studies of Christensen and
Prabhala (1998), Fleming (1998), Jorion (1995), Blair et al. (2001) have all found evidence
that implied volatilities are more accurate than historical model volatilities in the predic-
tion of the latent volatility process.
3 The most popular and monitored implied volatility index in the US is the VIX. It is
touted as an investor fear gauge. InWhaley (2008), it is argued that the VIX is a barometer
of investors' fear in a bear market and investors' excitement in a market rally.
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traders such as speculators, arbitrageurs, and convergence traders have
started to invest in oil. These traders are highly leveraged and their trad-
ing is occasionally based on sentiment and risk aversion; their presence
has hence intensiﬁed co-movements of risk across markets. The positive
connectedness between oil and equities due to the change and increase
in market participants is best captured by focusing on implied volatility
linkages that account for cross market sentiments. Therefore, studying
short term implied volatility connectedness may provide additional
insights on the inﬂuence of the change in participants and trading
activity on the linkages between oil and equity markets.4 Furthermore,
the different nature of risk transfer between oil and equity markets
is useful information for risk management and diversiﬁcation in deriva-
tives portfolios.
Hence, in this paper, we provide a recent picture about the risk trans-
fer between oil and equities following 2008.We chose to start our estima-
tion sample in 2008 because this year coincideswith the beginning of the
global ﬁnancial crisis. Furthermore, during this period, the shale oil indus-
try becomes a consolidatedmajor player in the oil market. The period has
also witnessed the collapse of cooperation among OPEC members, the
slowdown of the biofuel industry, the Eurozone debt crisis and the slow-
down of China which is a major source of incremental oil demand.
In principle, oil volatility can be interrelated with equity volatility
through many channels.5 For instance, the recent plunge in oil prices
to $27.62 in January 2016 has dragged down the S&P500 index by 9%.
This simultaneous drastic drop in oil and equity prices also reﬂects an
association of volatility between the twomarkets. These linkages in vol-
atilities are driven bymany factors. The volatility in oil prices may cause
corresponding variations in the earnings of oil related companies and,
hence, uncertainty regarding the equity prices of these companies will
increase. Similarly, the volatility of oil prices may cause volatility in
the prices of banks and ﬁnancial institutions that are exposed to oil
and oil related companies. Depending on the extent to which volatility
in the oil market reﬂects uncertainty regarding economic growth, it
may cause volatilities in other equity markets to rise. The recent in-
crease in the volatility of oil in January 2016 is caused by the heightened
worries concerning the future growth of the Chinese economy; it was
hence translated to high volatilities across global equity markets.
The bulk of research on the co-movement of oil focuses on oil price
connectedness with equities. Little research has dealt with volatility
spillovers. Moreover, the analysis in the studies that address risk trans-
mission between oil and equities depends on statistical volatilities that
are either model based or computed from historical returns. These
volatilities are not accurate measures of the latent volatility such as
the volatilities implied from option prices.6 Therefore, in this paper,
we contribute to the literature by giving new insights on implied vola-
tility spillovers following the global ﬁnancial crisis.
In comparison with the related literature, ourmethodology is differ-
ent and depends on a set of connectedness measures that are proposed
byDiebold and Yilmaz (2012, 2014, 2015). The biggest advantage of this
method is that the proposed measures are dynamic and directional.
For instance, according to these measures we may judge the extent
of information transmission or volatility connectedness between4 For more information on this structural change and its impact on markets' linkages,
see Kyle and Xiong (2001), Kodres and Pritsker (2002), Broner et al. (2006), Pavlova
and Rigobon (2008), Danielsson et al. (2011), and Büyükşahin and Robe (2014)
5 In terms of returns, there are many reasons why the oil market and equity markets
may be interrelated. The higher oil prices can be translated into higher production costs,
lower productivity of labor and capital, lower household disposable income, lower de-
mand for energy using durable goods and lower corporate earnings and equity prices.
High prices can also mean higher earnings and equity values in the mining, oil, gas and
other related industries (Nandha and Faff, 2008; El-Sharif et al., 2005). Or alternatively,
it may have no inﬂuence whatsoever (Chen, 2010).
6 For instance, the widely used ARCH models are found to explain less than 10% of the
movement in the latent volatility and hence, the information content of these volatilities
may be questionable (See Akgiray, 1989; Figlewski, 1997; Franses and Van Dijk, 1996;
Brailsford and Faff, 1996).oil and equities at any particular date.Moreover, as themeasures are di-
rectional, they become revealing in terms of the origin of the bulk of in-
formational transmission between the oil market and equity markets.
Hence, the measures indicate which market is contributing the most
to the connectedness of volatilities.
Our results show that the transmission of information between oil im-
plied volatility and equity implied volatilities is bi-directional and asym-
metric. In particular, we ﬁnd that the directional connectedness from
the oilmarket to equitymarkets is higher than the directional connected-
ness in the opposite direction. The highest pairwise volatility connected-
ness measure (26.9%) is from oil to Canadian equities. The second and
third highest connectednesses are from oil to the US and UK, where oil
contribution amounts to 18.4% and 19.5% respectively. Moreover, oil
was a net contributor of volatility to all stock markets under study.7
The dynamic analysis of connectedness clearly shows that the
information transmissions from the crude oil uncertainty to other equi-
ty markets are more pronounced and larger in magnitude than the
transmissions in the opposite direction. The nature of risk spillover dur-
ing the sample period is characterized by aweak transmission at the be-
ginning of the sample period (from Q1-2008 to Q2-2009). The risk
transfer from oil to equities has picked up and increased from mid-
2009 to mid-2012. As we approached the end of the sample, oil trans-
mission decreases.8 Over the entire sample period, the volatility
transmission is dominated by the oil market.
Results from theGranger causality tests of implied volatilities are con-
sistent with the directional connectedness measures. The direction of
causality between implied volatilities of equity and oil markets is domi-
nated by oil. The only exception is the US market where causality is
found to be bi-directional. Finally, the dynamic conditional correlations
show that correlations are average and varying across countries and time.
Our results are consistentwith the bulk of literature thatﬁnds signif-
icant linkages between the oil volatility and equity volatilities. They con-
form nicely to the strand of literature that ﬁnds that the main
information crosses are from the oil market to equity markets (Arouri
et al., 2011; Awartani and Maghyereh, 2013; Bouri, 2015a,b; Bouri and
Demirer, 2016; Malik and Hammoudeh, 2007; Malik and Ewing,
2009). However, we are different from all in terms of methodology
and in that we focus on the linkages of implied volatilities that are
used to price oil and equity options.
The rest of the paper is organized as follows: The next section sum-
marizes the literature. Section 3 outlines the directional connectedness
measures proposed by Diebold and Yilmaz (2015). Section 4 provides a
description of the data set and some preliminary statistics of the implied
volatility indices included in the study. In Section 5, we perform a full
sample static analysis in which we characterize the connectedness
amongoil and equity volatilities. Also in this section,weperforma rolling
sample analysis to check the dynamics of the connectedness across time.
The robustness analysis is included in Section 6. The section presents the
results of the Granger Causality tests and the dynamic conditional
correlations. Finally Section 7 contains some concluding remarks.2. Literature review
The literature on the oil equity relationship contains numerous
studies.9 The early research of Kling (1985) indicates that oil price is7 The net total directional volatility transmission is only positive in the US and in the oil
market. This indicates that these
two markets are net spillers of volatility to other equities.
8 On the contrary, at the start of the sample in 2008, the US dominates the information
transmission with the oil market.
9 SeeMaghyereh (2004),Maghyereh andAl-Kandari (2007), Kilian (2008), Nandha and
Faff (2008), Cong et al. (2008), Chen (2010), Arouri and Rault (2012), El-Sharif et al.
(2005), Apergis and Miller (2009), Driesprong et al. (2008), Park and Ratti (2008);
Hammoudeh and Aleisa (2004), Bachmeier (2008), Sari et al. (2010), Awartani and
Maghyereh (2013), Mollick and Assefa (2013), Bouri (2015a, 2015b), Tsai (2015) and
Bouri and Demirer (2016) among many others.
10 The implied volatility as a forecast is also more accurate. For instance, thewidely used
ARCH models are found to explain less than 10% of the movement in the latent volatility
and hence, the information content of these volatilities may be questionable (See Akgiray,
1989; Figlewski, 1997; Franses and Van Dijk, 1996; Brailsford and Faff, 1996).
11 These measures are recently proposed by Diebold and Yilmaz in a series of papers
(Diebold and Yilmaz, 2009; Diebold and Yilmaz, 2012, Diebold and Yilmaz, 2014) and then
uniﬁed in Diebold and Yilmaz (2015).
12 The GCC stands for the Gulf Cooperation Council which is a group of oil producing
countries that consists of Saudi Arabia, Oman, Kuwait, the United Arab Emirates, Bahrain
and Qatar.
13 This procedure has been rapidly adopted in the relevant literature; refer for example
to McMillan and Speight (2010), Antonakakis (2012), Awartani and Maghyereh (2013),
Awartani et al. (2013), and Maghyereh et al. (2015).
14 Note that the text and notation in this section are quoted from Diebold and Yilmaz
(2012, 2014, 2015).
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sults of the present value model of Jones and Kaul (1996) ﬁnds that
changes in oil prices may explain changes in equity returns in Canada,
Japan, the UK and the US through the impact on current and futures
cash ﬂows. Other studies in the subsequent literature include Huang
et al. (1996), Sadorsky (1999), Park and Ratti (2008), and Apergis and
Miller (2009). These studies rely on variousmethodologies such as vec-
tor auto regression (VAR) models, international capital asset pricing
models, integration tests and vector error correctionmodels. They all ar-
rive to a similar conclusion that oil price changes have an inﬂuence on
equity returns. In the context of emerging markets, there are also a
number of papers that have shown that oil shocks have long and short
term impact on equity returns (Papapetrou, 2001; Basher and
Sadorsky, 2006; Narayan and Narayan, 2010).
Motivated by the non-uniformity of impact of oil shocks on various
sectors, some studies have examined the linkage with oil on a sector
by sector basis. The studies by Sadorsky (2001), Boyer and Fillion
(2007) show that share prices of Canadian oil and gas companies are
positively related to the price of oil. The study by El-Sharif et al.
(2005) shows that same results also apply for the gas and oil sector in
the UK but to a lower extent. The work of Nandha and Faff (2008) pro-
duces similar results in the US. The signiﬁcant impact of oil shocks on
the transport sector in thirty eight developed countries is reported by
Nandha and Brooks (2009).
In principle, there is a valid reason to believe that uncertainty in the
oil markets may well introduce uncertainty in company earnings and
reduce stock values. Hence, the oil-equity research contains some pa-
pers that assess the impact of oil price uncertainty on equity returns.
For instance, the study of Nandha and Hammoudeh (2007) focuses on
the association betweenmarket beta risk and equity returns in the pres-
ence of oil price and exchange rate uncertainty in the Asia-Paciﬁc re-
gion. The multi-factor model used shows signiﬁcant inﬂuence of oil
price uncertainty in two of the countries of the sample. Similarly, the
vector error correction model employed by Masih et al. (2011) shows
a profound negative effect of oil volatility on South Korean equities.
The impact of oil uncertainty on Eastern European equities is studied
by Asteriou and Bashmakova (2013). They use a multi-factor model
and ﬁnd that the inﬂuence of oil price beta is negative and signiﬁcant.
The recent study of Wang et al. (2013) employs a structural VAR
model and investigates the effect of oil price uncertainty on stock
market returns. They ﬁnd that both oil supply and demand uncertainty
have negative effect on equity returns. All these studies suggest that oil
price uncertainty is an important factor in determining stock market
performance and volatility.
The aforementioned literature looks at the inﬂuence of oil price
changes on the performance of equities without addressing the issue
of volatility spillovers between oil and equities. This issue is addressed
lately in the context of multivariate GARCH processes by another
group of papers. Malik and Hammoudeh (2007) and Maghyereh and
Awartani (2016) report signiﬁcant transmissions of oil volatility to equi-
ty volatilities in Middle Eastern countries. The transmissions from equi-
ty volatility to oil volatility are found to be insigniﬁcant for all markets
except for the Saudi market. Malik and Ewing (2009) ﬁnd signiﬁcant
volatility transmissions between oil volatility and equity volatilities in
the ﬁnancials, industrials, consumer services, health care, and technolo-
gy sectors in the US. Arouri et al. (2011) ﬁnd signiﬁcant volatility spill-
overs from oil to equities in Europe and the US and insigniﬁcant
spillovers from equities to oil. Bouri (2015b) ﬁnds weak unidirectional
volatility spillovers from oil prices to the Lebanese stock market.
Recently, Bouri (2015a) uses causality-in-variance tests and high-
lights the dynamic effects of the global ﬁnancial crisis on the volatility
transmissions between oil prices and stock indices of oil-importing
countries. Whereas, Bouri and Demirer (2016) ﬁnd unidirectional
volatility transmissions from oil prices to emerging stock markets,
particularly in the case of the net exporting nations of Kuwait, Saudi
Arabia and UAE.The studies above infer risk transmission by studying statistical vol-
atilities that are eithermodel based or computed fromhistorical returns.
Instead, in this paper, we contribute to the literature by giving new in-
sights on risk transfer between oil and equities which is based on im-
plied volatilities. The inference based on implied volatility is important
as these volatilities are derived from market option prices and hence
they represent the markets' consensus on the expected future uncer-
tainty. Moreover, the implied volatility indexes are considered as
gauges for fear and in that sense the inferred implied volatility connect-
edness reﬂects the fear connectedness that is expressed by traders and
investors. Therefore, implied volatilities aremore able to capture volatil-
ity crossovers that are related to market sentiment than historical vola-
tilities. They are also more suitable to capture cross market ﬂuctuations
that are related to portfolio rebalancing and speculative activities that
have increased recently in the oil paper market.10
In comparison with the related literature, ourmethodology is differ-
ent and depends on a set of connectedness measures that are proposed
by Diebold and Yilmaz. The advantage of this method is that it allows
us to dynamically track down the extent of linkages as well as its
direction.11 In the context of oil equity volatility spillovers, these
measures are used by Awartani and Maghyereh (2013) who provided
evidence that the volatility transmission mechanism in the GCC coun-
tries is dominated by volatility transmissions from the oil market.12
3. Empirical methodology
We utilize the directional connectedness measures that are intro-
duced by Diebold and Yilmaz (2012, 2014, 2015). The objective of this
econometric technique is to compute various interesting measures
from the transmissions of implied volatilities in a system that contains
the oil market and the eleven equity markets included in the study.13
Assume that implied volatility indices, IVi are modeled as a vector
autoregressive process, VAR(p) that can be written as14
IVi ¼∑pi¼1ΦIVt−i þ εt ð1Þ
whereΦ is aN×Nmatrix of parameters to be estimated. Also assume that
the vector of error terms ε is independently and identically distributed
with zeromean, and∑ covariancematrix. If the VAR system above is co-
variance stationary, then there exists a moving average representation
that is given by IVt ¼∑∞i¼0 Aεt−i ,where the N×N coefﬁcient matrices
Ai obey a recursion of the form Ai=Φ1Ai−1+Φ2Ai−2+…+ΦpAi−p
with A0 is the N×N identity matrix and Ak=0 for kb0.
The moving average coefﬁcients are important to understand the
dynamics given that the variance decompositions are computed as
transformation of the coefﬁcients in themoving average representation
above. The variance decompositions (or impulse responses) allow us to
split the H-step ahead of forecast errors of each variable into parts that
can be attributable to the various market shocks. The aggregation of
these decompositions will be subsequently used to compute the direc-
tional connectedness of a particular market to any or to all of the mar-
kets under study.
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orthogonal VAR shocks. The Cholesky identiﬁcation scheme achieves
orthogonality but the computed variance decompositions will then be
unstable and dependent on the ordering of the markets.15 Thus,
Cholesky decomposition is not suitable. A framework that produces in-
variant decompositions is the generalized VAR that allows correlated
shocks and accounts for them appropriately. The framework has been
ﬁrst proposed by Koop et al. (1996) and Pesaran and Shin (1998)
and is called the KPPS hereinafter. Following Diebold and Yilmaz, the
KPPS H-step-ahead forecast error variance decompositions θijg(H) for
H=1,2,… , is computed as16
θgij Hð Þ ¼
σ−1jj ∑
H−1
h¼0 e
0
iAh∑ej
 2
∑H−1h¼0 e
0
iAh∑A
0
hei
  ð2Þ
where∑ is the variancematrix of the vector of errors ε, and σjj is the
standard deviation of the error term of the jth market. Finally, ei is a
selection vector with one on the ith element, and zero otherwise. In
order to get a unit sum of each row of the variance decomposition,
Diebold and Yilmaz normalize each entry of the matrix by the row
sum as17
θgij Hð Þ ¼
θgij Hð Þ
∑Nj¼1 θ
g
ij Hð Þ
ð3Þ
Note the sum of decompositions across any particular market
∑Nj¼1 θ~
g
ijðHÞ ¼ 1 , and across markets ∑Ni; j¼1 θ~
g
ijðHÞ ¼ N . Therefore,
θ~
g
ijðHÞ can be seen as a natural measure of the pairwise directional
connectedness from market j to market i at horizon H. To make
Eq. (4) more intuitive, we use the notation Ci← j(H) to represent
this transmission. In the same way, we also compute the pairwise di-
rectional connectedness in the opposite direction as Cj← i(H). The two
statistics allow us to compute the net pairwise directional connect-
edness as
Cij ¼ Ci← j Hð Þ−Ci← j Hð Þ ð4Þ
These are interesting statistics that indicate whichmarket is playing
the dominant role in the information transmissions between the two
markets.
In our case, we are particularly interested in determining how all
markets together are contributing to a single market, so we aggregate
partially. The total directional connectedness from all markets to
market i, denoted by Ci←∎(H), is computed as
Ci←∎ Hð Þ ¼
∑Nj ¼ 1
i≠ j
θ~
g
ij Hð Þ
∑Ni; j¼1 θ~
g
ij Hð Þ
 100 ð5Þ
Using the same logic, we are also able to compute how a particular
market i is contributing to the shocks of all othermarkets by aggregating15 Different orderings may result in signiﬁcantly different spillover estimates (Klößner
and Wagner, 2014).
16 In particular, the θijg(H) represents the contribution of a one-standard deviation shock
of Aj to the variance of the H−step ahead forecast error of Ai.
17 Though the KPPS is robust to ordering, its decompositions do not sum up to one as in
Cholesky factorization. Thus, the normalization of the sumwill enable an intuitive compu-
tation of the contribution of a particular market, and an intuitive sum of contributions
across markets.partially. The total directional connectedness from market i to all
markets, denoted by C∎←i(H), is computed as
C∎←i Hð Þ ¼
∑Nj ¼ 1
j≠i
θ~
g
ji Hð Þ
∑Ni; j¼1 θ~
g
ji Hð Þ
 100: ð6Þ
This is also an informative connectedness measure. Together with
the previous statistics they may deﬁne the role of the market in the
whole system of markets as a net transmitter or receiver of shocks. In
particular, we are occasionally interested in computing the net total
directional connectedness which can be calculated as
Ci Hð Þ¼ C∎←i Hð Þ−Ci←∎ Hð Þ: ð7Þ
The total aggregation of the variance decompositions across all mar-
kets measures the systemwide connectedness. The total connectedness
in all markets is given by
C Hð Þ ¼
∑Ni; j ¼ 1
i≠ j
θ~
g
ij Hð Þ
∑Ni; j¼1 θ~
g
ij Hð Þ
¼
∑Ni; j ¼ 1
i≠ j
θ~
g
ij Hð Þ
N
: ð8Þ
This represents only the ratio of the sum of all off diagonal elements
in the variance decomposition matrix of all markets to the sum of all el-
ements (off diagonal and own shocks). It also measures the total infor-
mation ﬂow among all markets under consideration.
4. Data description and preliminary statistics
4.1. The implied volatility indexes
The implied volatility indexes are termed as the VIX indexes and
they are constructed and published by the CBOE. The VIX indexes are
computed from the market prices of out-of-the-money calls and puts
without the use of any pricing models. The indexes are calculated
using the following formula:
σ2 ¼ 2
T
∑
i
ΔKi
K2i
eRTQ Kið Þ−
1
T
F
K0
−1
 2
ð9Þ
where σ is deﬁned as the VIX/100 and hence, the VIX= σ×100, T is the
time to the maturity of the set of options, F is the forward price level
derived from the lowest call-put option premium difference, R is the
risk free interest rate,ΔKi ¼ Kiþ1−Ki−12 is ameasure of the average interval
between the strike price of the options adjacent to option i and the
strike price of optioni, K0 is the ﬁrst strike price below the forward
price level F. Finally Q(Ki) denotes the option premium computed as
the mid-point of the bid-ask spread of each option with strike Ki.
The inclusion criteria into these indexes is designed such that it in-
cludes all out-of-the-money puts and calls that are centered around
an at-the-money strike, K0. However, if there are no bids for an out-of-
the-money option at a certain strike, then this option and all other
options at higher (or lower in the case of puts) strikes are excluded
from the computation of the index. Note that in high volatility markets,
the demand for out-of-the-money options is strong and more options
are included in the construction of the index.
Once the options from which the VIX is going to be constructed are
selected, the weighting criterion of each option in the index is propor-
tional to its premium and to the average distance of the strike of option
with adjacent strikes that have non-zero bids. The option weight is also
inversely proportional to the square of the option's strike.
To construct the index, the CBOE computes implied volatility using
Eq. (9) for two sets of options: the near term options and the next
near term options. Both sets last for more than 23 days but expire in
19 The oil traded above $100 per barrel until the end of July, 2014. At that point, prices
started to collapse falling to approximately $44 by March 2015. The OPEC announcement
on November 27, 2014 to hold crude oil supplies steady at 30million barrels per day led to
an 11.2% decline in the price of the crude in that day alone. The recent slowdown of the
82 A.I. Maghyereh et al. / Energy Economics 57 (2016) 78–93less than 37 days. For instance, suppose that, in any one day, the two
sets of options expire in 24 and 31 days respectively. Then, we compute
Eq. (9) twice: once for the near term options with 24 days to maturity
and another for the next near term options with 31 days to expiration.
The VIX index which represents the 30-day volatility implied by option
prices is interpolated from these two implied volatilities. Thus, the VIX
index is a forward-lookingmeasure of stockmarket volatility that inves-
torsmight expected to see over the next 30 days (i.e., it represents what
investors believe today volatility will be in the future).
FromEq. (9), we can see that the VIX index is computedwithout any
option valuation model and in that sense it is model free. The VIX index
is directly related to the market values of calls and puts and, hence, it
reﬂects what the option traders think of future market volatility. The
forward looking nature of option prices is the most important
distinguishing feature of the VIX index. Accordingly, the implied volatil-
ity indexes have been shown to be more informative than historical
volatility in terms of volatility measurement and prediction.18
4.2. Preliminary statistics
As mentioned previously, to understand the cross transmission of
volatility between oil andmajor equity markets, we use implied volatil-
ity indices. The volatility used to price options not only includes the con-
sensus of themarket regarding future volatility but is alsomore accurate
and contains a premium for fear. Therefore, these indices are more suit-
able in our context than realized or historical volatility measures that
are less informative on the latent volatility and do not account for fear.
The implied volatility indices for crude oil and other 11 major coun-
tries around the globe are collected from Thomson Reuters DataStream.
The countries are: USA, Canada, UK, India, Mexico, Japan, Sweden,
Russia, South Africa, Germany and Switzerland. Data comprise daily
closing price and the symbols of the indices under study are: OVX for
crude oil, AEXVOLI for USA, VIXCVOLI for Canada, VFTSEIX for the UK,
NIFVIXI for India, VIMEXVI for Mexico, VXJINDX for Japan, SIXVXVL for
Sweden, RTSVXVL for Russia, JSAVIVI for South Africa, VDAXNEW for
Germany, and ﬁnally VSMI01M for Switzerland.
As the crude oil implied-volatility index is only available after the
3rd of March 2008, our sample is restricted and only covers the period
that is following the 3rd ofMarch 2008. It extends to the 3rd of February
2015 for a total of 1806 daily observations. Hence, in this paper, we pro-
vide a recent picture about risk transfer from oil to equities following
the global ﬁnancial crisis. The period under study has also witnessed
the rise in the oil paper market where many equity investors have
started to invest in oil. The presence of these traders in both the equity
and oil markets may have implications on risk transfer and linkages be-
tween oil and equities.
Fig. 1 displays the time series plot of the implied volatility indices
over the sample period. As can be seen in the ﬁgure, the volatilities
with which oil and equity options are priced move closely together
across time. Moreover, the implied volatilities of oil and equities show
common spikes. For instance, volatilities spike around the mid of 2008
and during the global ﬁnancial turmoil which has created big uncer-
tainties about future global growth, demand for oil and equity markets'
performance. Similarly large revisions of oil and equity volatility predic-
tions occur towards the end of 2009 due to the increased uncertainty of
the Greek sovereign debt crisis. Another common spike in oil and equity
market implied volatilities occurred near the beginning of 2011 as
worries over the sovereign debt and banking problems in Italy and
Spain mounted.
The common trends in implied volatilities are not surprising as oil
and equity price changes were severe during that sample period. For in-
stance, the price of crude oil dropped from a high of $146 per barrel to a
low of $39with the ﬁnancial meltdown that startedwith the collapse of18 See for instance, Poon and Granger (2003), Whaley (2008), Carr and Wu (2006),
Corrado and Miller (2005), Bentes (2015), and Gonzalez-Perez (2015).Lehman Brothers in August 2008. Unlike equities which recovered
slowly, oil has fastly recouped its losses and reached nearly $100 in
early 2010. This was due to the continued strong demand from emerg-
ing economies and China. Opposite to the US and most European Union
countries that slowed down, these economies surprisingly continued to
grow at a high pace despite the ﬁnancial crisis. Equities have also
experienced large price ﬂuctuations during the sample period. They
dropped signiﬁcantly over the various stages of the globalﬁnancial crisis
following 2008 all the way to mid-2009, and then, after a slight recov-
ery, they experienced big variations with the European Sovereign debt
crisis that started in Greece in late 2009 and early 2010 and folded
only recently.
However, the common trends in volatilities between oil and equity
were broken by the end of the sample in 2014 and 2015. Fig. 1 shows
that in July 2014 there was a spike in the volatility of prices of short-
term oil options that was not matched by the volatility of pricing equity
options. This indicates that oil volatility in the recent years is more driv-
en by the factors that are less likely to inﬂuence equity markets and eq-
uity volatilities. These factors are related to the fundamentals of oil as a
commodity and to the increase in shale oil production as well as the
plentiful global supplies that led to big declines in oil prices.19
It isworth tomention here the increase in the inter-relationships ob-
served recently. The severe drop in oil prices in January 2016 to $27 has
led to big losses in global equity markets. For instance, the S&P500 has
lost 9% of its value on the same day. This demonstrates clearly how oil
volatility is intertwinedwith equity volatility, particularly when oil vol-
atility reﬂects news that is crossing to other markets. The recent drop in
oil prices revealed the likelihood of a Chinese slowdown and therefore it
increased stock market uncertainty.
To compare the statistical properties of the data under study, we
computed a variety of summary statistics. Table 1 Panel A and Panel B
report the summary statistics of the levels and the log changes of im-
plied volatility indices of crude oil and equity markets respectively.
Panel A displays the mean, the standard error, the minimum, the maxi-
mum, the skewness, the excess kurtosis and the Jarque–Bera statistics.
Later statistics are used to test the null hypothesis that implied volatility
forecasts are normally distributed. On average the panel shows that the
level of crude oil implied volatility and its standard error are higher than
equitymarkets. The higher average level indicates that crude oil options
are priced with higher volatilities than equity options in all investigated
markets. The higher standard error shows that the implied volatility is
more volatile in the crude oil market than in the equity markets. This
suggests that the markets are more conﬁdent in predicting equity vola-
tility than oil volatility. The higher standard error is also reﬂected in a
wider range of the oil index compared to equity indices as indicated
by the minimum and maximum levels in Table 1. The only exceptional
market is Russia which exhibited higher volatility and standard errors
in volatility levels compared to oil. The log volatility changes in Panel
B point out that, over the sample period, the net change in market ex-
pectation of equity implied volatilities are negative in all equitymarkets,
and positive in the oil market. Hence, the volatility with which options
are priced has increased on average for oil options, while it has de-
creased for equity options over the sample period.20
Table 1 also shows that the distributional properties of the oil im-
plied volatility index is far from being normal. The index is positively
skewed and leptokurtic and the Jarque–Bera statistics rejects the null
hypothesis of normality very strongly. The skewness and kurtosis of
the index indicates serious upward volatility revisions in pricing oil op-
tions during the sample period. The distributional properties of theChinese economy has also contributed to weakening the oil market.
20 The exception was Russia where the log changes in volatility was positive over the
sample period.
Notes: This figure shows the time series plot of the implied volatility indices of crude oil and stock markets over the sample period from 3rd
of March 2008 to 3rd February 2015. 
Fig. 1. Time series plot of the implied volatility indices.
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Table 1
Descriptive statistics of the implied volatility indices.
Mean Std. Dev. Min Max Skewness Kurtosis Jarque–Bera Q (20) ADF constant ADF intercept and trend
Panel A: Levels
Crude oil 37.011 15.401 14.500 100.420 1.334 2.228 953.030⁎⁎⁎ 33,901.900⁎⁎⁎ −2.592 −3.111
USA 23.310 11.047 5.770 81.220 1.932 4.406 2708.800⁎⁎⁎ 31,454.800⁎⁎⁎ −3.258⁎⁎ −4.107⁎⁎
Canada 24.261 9.201 11.819 78.050 1.908 5.051 3160.900⁎⁎⁎ 28,392.200⁎⁎⁎ −4.122⁎⁎⁎ −4.917⁎⁎⁎
UK 20.936 9.538 9.672 75.540 2.108 5.943 4187.100⁎⁎⁎ 29,700.700⁎⁎⁎ −3.686⁎⁎⁎ −4.771⁎⁎⁎
India 24.636 10.331 11.560 85.130 1.549 2.898 1419.500⁎⁎⁎ 30,991.100⁎⁎⁎ −3.181⁎⁎ −4.384⁎⁎
Mexico 22.744 10.389 10.140 68.120 1.958 4.286 2658.900⁎⁎⁎ 34,193.000⁎⁎⁎ −2.199 −2.659
Japan 27.500 11.036 14.000 91.450 2.615 8.389 7707.900⁎⁎⁎ 28,416.000⁎⁎⁎ −4.060⁎⁎⁎ −4.614⁎⁎⁎
Sweden 21.936 10.280 9.300 77.920 1.766 3.933 2204.200⁎⁎⁎ 31,653.000⁎⁎⁎ −3.258⁎⁎ −4.333⁎⁎
Russia 40.052 24.668 15.420 200.495 3.121 12.520 15,436.000⁎⁎⁎ 29,892.700⁎⁎⁎ −3.124⁎⁎ −3.412⁎
South Africa 23.262 7.625 0.000 57.970 1.565 3.209 1584.300⁎⁎⁎ 34,064.000⁎⁎⁎ −2.150 −3.113
Germany 24.383 9.872 12.170 83.230 2.124 5.869 4140.200⁎⁎⁎ 29,841.500⁎⁎⁎ −3.939⁎⁎⁎ −4.519⁎⁎⁎
Switzerland 20.900 10.848 8.756 88.032 2.704 9.299 9126.800⁎⁎⁎ 25,366.500⁎⁎⁎ −5.837⁎⁎⁎ −6.945⁎⁎⁎
Panel B: Log volatility changes
Crude oil 0.00001 0.049 −0.440 0.425 0.88829 12.559 11,932.000⁎⁎⁎ 90.992⁎⁎⁎ −26.929⁎⁎⁎ −26.930⁎⁎⁎
USA −0.00021 0.071 −1.046 1.062 0.40806 51.805 199,090.000⁎⁎⁎ 79.897⁎⁎⁎ −27.740⁎⁎⁎ −27.733⁎⁎⁎
Canada −0.00012 0.067 −0.372 0.487 0.42034 3.315 867.490⁎⁎⁎ 63.328⁎⁎⁎ −27.432⁎⁎⁎ −27.425⁎⁎⁎
UK −0.00040 0.069 −0.365 0.372 0.31089 2.590 526.190⁎⁎⁎ 37.654⁎ −26.814⁎⁎⁎ −26.807⁎⁎⁎
India −0.00038 0.061 −0.470 0.457 0.089124 9.876 7236.200⁎⁎⁎ 79.206⁎⁎⁎ −26.966⁎⁎⁎ −26.959⁎⁎⁎
Mexico −0.00038 0.050 −0.452 0.492 0.41875 5.176 2038.900⁎⁎⁎ 29.593⁎⁎⁎ −26.594⁎⁎⁎ −26.595⁎⁎⁎
Japan −0.00041 0.059 −0.327 0.541 1.7984 13.239 13,959.000⁎⁎⁎ 49.537⁎⁎⁎ −26.640⁎⁎⁎ −26.635⁎⁎⁎
Sweden −0.00024 0.071 −0.333 0.358 0.35962 2.503 502.970⁎⁎⁎ 86.427⁎⁎⁎ −28.731⁎⁎⁎ −28.723⁎⁎⁎
Russia 0.00012 0.071 −0.299 0.912 1.794 18.499 26,335.000⁎⁎⁎ 78.386⁎⁎⁎ −26.472⁎⁎⁎ −26.466⁎⁎⁎
South Africa −0.00021 0.031 −0.346 0.393 0.77326 26.164 50,949.000⁎⁎⁎ 40.708⁎⁎⁎ −27.049⁎⁎⁎ −27.042⁎⁎⁎
Germany −0.00011 0.056 −0.256 0.306 0.69931 2.838 742.600⁎⁎⁎ 54.874⁎⁎⁎ −26.762⁎⁎⁎ −26.756⁎⁎⁎
Switzerland −0.00032 0.099 −0.822 0.457 −0.9604 9.836 7448.300⁎⁎⁎ 137.748⁎⁎⁎ −27.024⁎⁎⁎ −27.017⁎⁎⁎
Notes: This table reports summary statistics of the implied volatility indices. The number of daily observations is equal to 1893 from 3rd of March, 2008 to 3rd of February, 2015. Panel A
reports statistics for the levels, while Panel B reports results for log differences. ADF is the t-statistics for the Augmented Dickey–Fuller test.
⁎⁎⁎ Denotes signiﬁcance at the 1% level.
⁎⁎ Denotes signiﬁcance at the 5% level.
⁎ Denotes signiﬁcance at the 10% level.
84 A.I. Maghyereh et al. / Energy Economics 57 (2016) 78–93levels of implied volatility of equities are similar and convey the same
story. They are positively skewed, non-normal and exhibit high
kurtosis.21
The Lung–Box portmanteau statistics reported in Table 1 are com-
puted for the last fourweeks of the levels and the log changes of implied
volatility. As can be seen in the table, all indices are highly serially corre-
lated indicating the presence of temporal dependence in the implied
volatility process and its log difference. As a response to the arrival of
new information, the market adjusts the volatility prediction and
consequently options prices. In this respect, implied volatility is similar
to historical volatility which is characterized by clustering and serial
correlations.
The results of the unit root test for the levels of the indices are
reported in the last two columns of Table 1. The null hypothesis of the
ADF test is that there is a unit root in the variable. We tested two
speciﬁcations of the implied volatility process to infer stationarity. As
shown in the table, the implied volatility of equities are all stationary
at the 5% level, while the implied volatilities processes of oil and the
volatility of Mexican, Russian and South African equity may contain a
unit root. However, whenwe tested the changes in log implied volatility
indices, the null of non-stationarity was rejected at a 1% level in all
markets as shown in Panel B of Table 1.
To get an idea on how oil implied volatility is related to equity im-
plied volatilities, we computed the simple correlation coefﬁcients. The
correlation matrix is presented in Table 2. Panel A of the table reports
correlations at the levels of the index, while Panel B reports correlations
among log volatility's changes. At the price levels, the implied volatility
of oil is highly correlatedwith equity volatility in all equitymarkets. The
correlation between oil and equity volatility is greater than 0.72 in all21 The same applies to the distributional properties of the log volatility changes reported
in Panel B of Table 1. Compared to the levels, these exhibit lower positive skewness and
higher kurtosis.markets. This indicates that equity options are priced with volatilities
that are not independent from the uncertainty in the oilmarket. Similar-
ly, the level of association among equity markets' volatilities, which is
even higher and reﬂects the high extent to which volatilities used to
price options, is related across equity markets.
The highest correlations are with the US. The simple correlation co-
efﬁcient between the US implied volatility and other equity markets'
implied volatility is not less than 0.81. This correlation is more pro-
nounced among European and North American equities than with
other equity markets. For instance, the correlation between the US
and European equity volatilities is not less than 0.92 and it reaches
0.98 with the UK. This reﬂects the level of equity market integration
and volatility association between the US and Europe.
Panel B reports the correlation matrix for the log volatility changes.
In the panel, the correlation between oil and equity daily implied
volatility changes is average and signiﬁcantly lower than the association
in levels. The correlations between changes in oil volatility and changes
in the volatility of the US, UK, Germany, and Canada are 0.29, 0.30, 0.34
and 0.28 respectively. The high association in the levels of oil–equity
implied volatilities and the relatively lower correlation of changes
show that, in general, the levels of uncertainty in equity markets are
associated with the levels of uncertainty in the oil market. However,
the daily changes in equity implied volatilities may not be closely relat-
ed to the daily dynamics of oil volatility which may be driven by other
factors.
It is worth to mention here that changes in implied volatility remain
high among equity markets in Europe and North America. For instance,
the correlations between changes in US implied volatility and changes
in the implied volatilities of the UK, Canada, Sweden, and Germany
are 0.70, 0.72, 0.61 and 0.76 respectively. Similarly Panel B reports
high pairwise correlations among changes in the volatility in any two
European countries. For example, the changes in implied volatility of
German equities are highly correlated with the changes in Canada, the
Table 2
Unconditional correlation among the implied volatility indices (crude oil and stock markets).
Crude oil USA Canada UK India Mexico Japan Sweden Russia South Africa Germany Switzerland
Panel A: Levels
Crude oil 1.000
USA 0.852 1.000
Canada 0.801 0.961 1.000
UK 0.815 0.981 0.963 1.000
India 0.721 0.819 0.728 0.806 1.000
Mexico 0.855 0.907 0.814 0.888 0.872 1.000
Japan 0.719 0.846 0.793 0.854 0.749 0.853 1.000
Sweden 0.825 0.975 0.955 0.975 0.825 0.891 0.819 1.000
Russia 0.771 0.860 0.811 0.833 0.727 0.809 0.787 0.825 1.000
South Africa 0.859 0.930 0.889 0.928 0.831 0.915 0.837 0.929 0.791 1.000
Germany 0.819 0.966 0.971 0.960 0.772 0.847 0.820 0.957 0.854 0.882 1.000
Switzerland 0.785 0.921 0.896 0.933 0.765 0.863 0.871 0.910 0.825 0.869 0.906 1.000
Panel B: Log volatility changes
Crude oil 1.000
USA 0.297 1.000
Canada 0.286 0.697 1.000
UK 0.304 0.726 0.720 1.000
India 0.135 0.218 0.208 0.208 1.000
Mexico 0.228 0.291 0.283 0.297 0.071 1.000
Japan 0.133 0.253 0.241 0.263 0.198 0.103 1.000
Sweden 0.238 0.612 0.626 0.630 0.215 0.250 0.225 1.000
Russia 0.228 0.324 0.340 0.348 0.209 0.142 0.223 0.342 1.000
South Africa 0.183 0.300 0.340 0.357 0.167 0.146 0.229 0.291 0.226 1.000
Germany 0.343 0.759 0.802 0.790 0.237 0.324 0.298 0.714 0.379 0.382 1.000
Switzerland 0.226 0.473 0.483 0.505 0.184 0.209 0.210 0.436 0.269 0.241 0.543 1.000
85A.I. Maghyereh et al. / Energy Economics 57 (2016) 78–93UK and Sweden. At the same time, they are weakly correlated with ei-
ther the crude oil or the other equity markets outside the US or Europe.24 The US is number 1, Canada is number 5 and the UK is number 23. For more informa-
tion see http://www.eia.gov/beta/international/rankings/#?prodact=53-1&cy=2014.
25 This point has been brought to our attention by one of the referees.5. Empirical results
5.1. Static volatility connectedness analysis
Thematrix presented in Table 3 reports the full sample crossmarket
connectedness of the ﬁrst difference of implied volatilities.22 The diago-
nal elements of the matrix represent the own market connectedness
and are not particularly interesting in our context. The off diagonal
elements (i.e. Ci←j(H)) of the matrix measure the pairwise volatility di-
rectional connections and are particularly important for our study. Most
importantly is theﬁrst columnwhichmeasures the directional connect-
edness from the crude to US equities (i.e. Cj←oil(H)). Similarly, the ﬁrst
row of the table is important as it measures the directional connected-
ness into the oil market from other equity markets (i.e. Coil←i(H)).
For instance, the highest oil volatility connectedness of around 29% is
observed from oil to Canada (See ﬁrst column, third row). In return the
connectedness from Canada to oil is almost nil (See third column, ﬁrst
row). The difference between the two pairwise connectedness mea-
sures implies that the net pairwise connectedness is from oil volatility
to the volatility of Canadian equities. This is expected as oil is an impor-
tant factor that is weighted heavily by Canadian stock investors.23
The second and third highest oil volatility connectedness is observed
in the US andUKmarketswhere oil's contribution amounts to 18.4% and
19.5% for the twomarkets respectively. However, the two markets con-
tribute to oil volatility with a rate of 2% only. Hence, the net pairwise
connectedness is from oil to the US and UK equities. Similar patterns
of oil equity market connectedness are observed with the rest of mar-
kets. One factor behind the relatively higher pairwise directional22 All the results in the table are based on vector autoregression of order 2, and general-
ized variance decompositions of 10-day ahead forecast errors. We also use Cholesky-
factorizations with alternative orderings. The results (are not reported but available from
the authors upon request) remain qualitatively similar.
23 For instance, the drop in oil prices following the mid of 2014 led to more than 20%
drop in the value of Canadian equities.connectedness with Canada, the UK and the US is that the three econo-
mies are among the top oil producers in the world.24
Russia is a big producer of oil. But the risk transfer from oil to Russian
equities is not found to be as strong as in oil producing countries (Canada,
the US and the UK). On the other hand, Germany is not an oil producer
but with a high connectedness that is almost equal to the UK's. Therefore,
the level of connectedness can not be strictly explained by being an oil
producer. Another possible explanation lies in the high presence of oil op-
tion and equity traders in the group of high connected countries. These
traders are active in both the oil and equitymarkets and hence their pres-
ence creates common volatility linkages.25
However, the dynamic rolling estimation of risk transfer from oil to
Russian equities shows signiﬁcant risk transfer in the sample that
spans over the period 2010–2013 (See Fig. 3). As the sample moves
out to 2014, the risk transmission to Russian equities fades. This can
be explained by the sanctions that were imposed on the Russian econo-
my in February 2014 upon the annexation of Crimea and the Ukraine
crisis. While the nature of the impact of oil on Russian stocks is
known, the impact of these sanctions is ambiguous. Hence,wemay con-
clude that after 2014, the volatility of Russian equities was more driven
by sanctions news rather than oil volatility.26
It is worth to mention here that while the return transmission from
oil and equities can have a positive or a negative impact,27 the risk trans-
fer has always a negative inﬂuence as it increases uncertainty in the re-
ceiving markets. For instance, the volatility transmission from oil to
equities in oil producing countries creates uncertainties regarding the
future prospects of oil and oil related companies. It also casts uncer-
tainties on the future performance of banks that are exposed to the oil
and gas sector. Particularly, in cases where government spending26 The Moscow stock exchange shows resilience during this period. There is an increase
in volatility and a drop in prices before one stage of sanctions is implemented, but then the
market rebounds to recoup losses afterwards.
27 In general it is positive in net oil exporter countries and negative in net oil importer
countries. The nature of the impact is also sectoral. In general, a decrease in oil prices ben-
eﬁts airline and transportation, manufactures, household, water and utilities; but it harms
the oil and gas sectors.
30
Table 3
Full sample directional of implied volatility connectedness.
From market j
To market i Crude
oil
USA Canada UK India Mexico Japan Sweden Russia South
Africa
Germany Switzerland Connectedness from others
Crude oil 94.4 0.2 0.0 0.2 0.3 1.9 0.2 0.1 1.4 0.7 0.6 0.0 6
USA 18.4 71.7 0.1 2.0 0.0 3.4 0.3 1.4 1.3 0.1 0.8 0.5 28
Canada 26.9 55.3 18.0 3.8 0.3 1.7 0.4 1.6 0.6 0.4 0.4 0.6 92
UK 19.5 57.1 2.1 17.3 0.0 3.1 0.1 2.5 0.8 0.2 1.3 0.1 87
India 3.9 8.2 0.1 0.5 82.3 3.5 0.1 0.6 0.2 0.2 0.1 0.1 18
Mexico 11.3 13.5 1.1 2.4 0.5 66.6 0.3 0.6 1.9 0.1 1.6 0.2 33
Japan 0.9 27.1 0.3 4.5 0.1 3.8 54.0 0.1 0.7 0.3 0.2 0.2 46
Sweden 14.4 47.6 1.8 5.7 0.3 4.1 0.5 23.2 0.6 0.4 0.5 0.7 77
Russia 8.0 22.5 0.3 1.8 0.4 0.8 0.1 1.3 64.5 0.0 0.3 0.0 35
South Africa 11.6 23.3 1.1 7.4 0.5 3.1 0.2 0.8 0.5 50.5 1.2 0.0 50
Germany 18.1 53.0 5.6 4.4 0.0 3.1 0.3 3.5 1.2 0.0 10.0 0.8 90
Switzerland 12.4 36.9 2.2 8.2 0.1 2.5 2.1 3.1 2.0 0.1 1.8 28.7 71
Connectedness to others 139 345 15 41 3 31 5 16 11 3.0 9.0 3.0 619
Connectedness including own 248 416 33 58 85 98 59 39 76 53 19 32 Total connectedness = 51.60%
Notes: The underlying variance decomposition is based on a daily VAR system with two lags. The (i, j) value is the estimated contribution to the variance of the 10 step ahead implied
volatility forecast error of market i coming from innovations to implied volatility of marketj. The decomposition is generalized, and thus it is robust to the ordering shown in the column
heading. The last column (labeled ‘connectedness from others’) is equal to the row sum excluding the diagonal elements, and gives the total directional spillovers from all others to
markets. The row at the bottom (labeled ‘Connectedness to others’) is equal to the column sum excluding the diagonal elements, and reports the total directional spillover from market
j to others. Finally, the lower right corner is expressed in percentage points and reports the total connectedness which equals to the grand off-diagonal column sum relative to the grand
column sum including diagonals.
86 A.I. Maghyereh et al. / Energy Economics 57 (2016) 78–93depends on oil, there are also uncertainties regarding future public
spending and economic activity.
The oil cross country directional connectedness shows that pairwise
connectedness of oil is greater with North American and Western
European countries that havewell developed andmature equitymarkets.
For instance, the connectedness measure observed from oil to Germany
and Switzerland is 18.1% and 12.4% respectively, whereas it is 3.9%,
11.3%, 8%, 11.6% for India, Mexico, Russia and South Africa respectively.
There are many theoretical channels of information transmission
from oil volatility to equity volatility. For instance, high volatility in
the oil market can be translated into higher earnings volatility in oil
and oil related companies. Oil price volatility may create comparable
uncertainties regarding business cost, disposable income and consumer
spending on energy using durable goods. Volatile oil markets may also
convey information on future global economic uncertainty and, hence,
they can inﬂuence the volatility in global equity markets. Therefore,
we expect high transmissions from oil volatility to equity volatility.28
The row sum of the pairwise connectedness measures the aggregate
contribution of all others to each of the twelve markets in the study
(the total directional connectedness). In other words, the contribution
from others in the last column of the matrix is the sum of the volatility
transmission from all markets to a particular market. Similarly, the col-
umn sum of all pairwise connectedness measures the total directional
connectedness to others from the corresponding market. This means
that the contribution to others is the sum of pairwise directional trans-
mission of implied volatility from a particular market to all other
markets.29 The oil implied volatility contribution to the equity volatility
of all markets in the system amounts to 139%while oil volatility only re-
ceives a 6% contribution from others. In that sense, oil is regarded as a
transmitter of shocks to equities.
In the system of countries thatwe have, the US and the oil markets are
the only twomarkets of the twelvemarkets under study inwhich the con-
tribution to others' connectedness is higher than the contribution from
others connectedness. The positive net connectedness of the oil market
with all other markets is 133%, indicating that it is a net transmitter of28 If US equity reﬂects the health of the global economy and the future demand for oil,
then transmissions from equity to oil should be expected as well. However, these trans-
missions are less direct than the direct spillover of oil volatility on corporate earnings
and returns.
29 Note that the contribution to others' forecast error variance is not constrained and it
may exceed 100%.volatility shocks to others. The US market is also a net transmitter to all
others and its net contribution is two and a half folds the net
contribution of oil at around 317%. The net connectedness of the rest of
markets is negative, which indicates that they are net recipients of volatil-
ity shocks from othermarkets. Among themarkets that have negative net
total connectedness, Germany has the highest value at−81%, followed by
Canada at−77%, Switzerland at−68%, South Africa at−47% and the UK
at−46%.
The total connectedness of implied volatilities that is reported in the
lower right corner of the table is 52%. This is relatively high compared to
the same measure computed for volatility connectedness among the
same markets using range based historical volatility estimators instead
of implied volatilities from option prices. For instance, it is higher than
the total volatility spillover computed by Diebold and Yilmaz (2009)
for the samemarkets.30 Given that the period of the study contains sev-
eral stress periods such as the ﬁnancial crisis in 2008, the European sov-
ereign debt crisis following the Greek crisis in late 2009 and early 2010,
the US ﬁscal cliff and the oil price collapse, there is a high degree of con-
nectedness in the sample.31 There is another reason why the total con-
nectedness of implied volatilities is higher than historical or range based
volatilities. The connectedness of implied volatilitiesmeasures fear con-
nectedness in addition to volatility association. In volatile markets, op-
tions are priced with higher volatilities than the expected volatility.32
Hence, the implied volatility association not only reﬂects volatility
crossovers but also the fear premium transmissions among markets.
5.2. Dynamic volatility connectedness analysis
The static connectedness analysis provides a good characteriza-
tion of the connectedness of implied volatilities over the full sample
period. However, it is not helpful in understanding how connected-
ness changes over time. In order to get a better understanding, we
estimate the vector autoregression using 200 days rolling window,In the study of Diebold and Yilmaz (2009), the total connectedness is found to be
39.5%. Themarkets in their sample are different, but still we share the following countries
with them: the US, the UK, Germany, India and Mexico.
31 The ﬁscal cliff refers to the Republican-Democratic disagreement regarding spending
cuts towards the end of 2012. The failure to reach a compromise by the two parties
unnerved the US ﬁnancial markets.
32 In this sense the implied volatility used to price options can be considered as a com-
posite measure of volatility that reﬂects both the expected future volatility and the uncer-
tainty around that expected volatility or alternatively the fear premium.
Notes: This figure shows the directional volatility connectedness from oil to all markets over the sample period of 3rd of March, 2008
to 3rd of February, 2015 estimated with a rolling window of 200-day. The predictive horizon of the underlying variance decomposition
is 10-days ahead.
Fig. 2. Directional implied volatility connectedness.
87A.I. Maghyereh et al. / Energy Economics 57 (2016) 78–93and then assess the extent and nature of connectedness over time
using the corresponding time series of the total directional connected-
ness measure.33 Fig. 2, Panel (a) presents plots of total directional con-
nectedness of implied volatility originating from the oil market and
transmitting to other equity markets (i.e. C∎←oil(H)). Panel (b) of the
samegraph presents the transmissions of implied volatility in the oppo-
site direction (i.e. from all equity markets to the oil market) (i.e.
Coil←∎(H)). The net transmissions are presented in Panel (c) (i.e. Ci(H)).
The ﬁgure shows that the connectedness is largely dominated by the
information transmission from the crude oil market to other equity
markets and not the other way around. This is clear from the order of
magnitude of the information spills in Panels (a) and (c) in the Figure.
The crude oil transmits to the rest of equity markets in the order of
100 s while it receives in the order of 10s. Hence, there is a positive
net transmission of information from the oil market to other equity
markets. The graph of the net transmissions is presented in Panel
(c) and it shows clearly that, for most of the sample period, the direc-
tional connectedness is established more by the transmissions from
the oil market to other markets. The only exception occurred at the
start of the sample (in 2008) when the directional connectedness with
oil was more related to transmissions from equities. This can be ex-
plained by the ﬁnancial crisis that started in the US and rippled across
the global equity, asset and commodity markets in 2008.34 The USmar-
ket during that period has dominated the information transmission
across globalmarkets including the oilmarket.35 This result is consistent
with the empirical evidence of Diebold and Yilmaz (2012) who found
that volatility transmissions from the equity market to the commodity
market intensify during periods of stress.
Fig. 2 also shows that the directional connectedness is time varying.
Three cycles of connectedness can be spotted in the graph. The ﬁrst cor-
responds to the beginning of the sample and extends from the ﬁrst quar-
ter of 2008 to the ﬁrst quarter of 2009. The second cycle corresponds to
the period of recovery in the global economy which extends from the
second quarter of 2009 to mid 2012. Finally, the third cycle represents
the period that covers the mid of 2012 to the end of the sample in 2015.
In theﬁrst cycle, the directional connectedness betweenoil and equity
is low, especially from the direction of the oil market to equitymarkets. It33 We also used various lags in the VARmodels to check the sensitivity to the number of
lags. We found that our results are robust to lag selection.
34 As we will see in the analysis of pairwise directional connectedness, we have also
found a dominant role of the US equity at the start of the sample.
35 At the price levels, both the crude oil and the S&P500 had crashed in the wake of the
Lehman Brothers collapse in September 2008. The price of oil dropped from $140 to
around $39, while the stock index decreased from 1600 to 400 points in the same period.is only during theﬁnancialmeltdown (in September 2008) that transmis-
sions fromequities to oil intensiﬁed and, hence, the connectedness during
that periodwas dominated by equities. The second cyclewitnessed an in-
creased transmission from oil to equities with no signiﬁcant changes in
the information ﬂow in the opposite direction. The directional
connectedness in the second cycle is dominated by the oil market
volatility. A possible explanation is that the inﬂuence of uncertainty
in the oil market is higher during initial growth stages as it may
threaten the recovery of the global economy and, consequently,
equity markets. Therefore, oil uncertainty is closely watched by all
markets. Its inﬂuence is less important in the relatively stable
macroeconomic environment that prevailed during the last cycle.
This is because the connectedness decreased though it was still
dominated by oil to a much lower extent.
To further focus on the association between oil and individual equity
markets, we computed the net pairwise directional connectedness of oil
with each of themarkets included in the study. Fig. 3 presents the plots of
net pairwise directional dynamic connectedness of oil volatility with the
volatility of each of the equitymarkets over the sample period. As can be
seen in the ﬁgure, the net pairwise transmissions from the oil market to
equities are positive. This indicates that risk transfer between the oil mar-
ket and the other equity markets is asymmetric and dominated by the
transmissions from the oil market. The result is uniformly valid across all
the equity markets included in the sample. Therefore, we may conclude
that oil is the important market in establishing the association with
other equity markets. Finally, notice that the pairwise analysis of
connectedness repeats the same patterns that was observed before.
For instance, the pairwise connectedness in 2008 was dominated
by equities particularly in the oil producing countries such as USA,
UK, and Canada.36 Similarly, the ﬁgure shows that the connectedness
is weak at the beginning of the sample or over the period from the
ﬁrst quarter of 2008 to the mid of 2009 and that it increased with
the connectedness dominated by the oil market from the mid of
2009 to the mid of 2012. The connectedness then decreased as we
approached the end of the sample with the net pairwise directional
connectedness were still dominated by oil but to a lower extent.6. Robustness of results
This section checks whether results in Sections 5 are robust to
the choice of the volatility measure. This section also uses Granger36 Although Russia is a big producer of oil, the connectedness of its equity to oil is less
pronounced in the ﬁgure.
Notes: This figure shows the net pairwise directional connectedness from oil to each market over the sample period of 3rd of March, 
2008 to 3rd of February, 2015 estimated with a rolling window of 200- day. The predictive horizon of  the underlying variance 
decomposition is 10-day ahead. Positive (negative) values indicate that oil is a net transmitter (receiver) of shocks to the respective 
market.
Fig. 3. Pairwise directional net implied volatility connectedness.
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38 We also conduct the net pairwise directional dynamic connectedness of oil volatility
with the volatility of each of the equity markets over the sample period. The plots show
a similar pattern to those shown in Fig. 3. To conserve space, the plots are not reported
in the paper but they are available from the authors upon request.
39 We also conduct the Granger causality test using the levels of volatility indexes. Re-
sults are qualitatively similar and therefore are not reported. They are available from the
authors upon request.
40 The only exception is the USmarket where the change in equity volatility (the VIX) is
also predictive of changes in oil volatility. The VIX is a benchmark that is closely watched
89A.I. Maghyereh et al. / Energy Economics 57 (2016) 78–93causality tests to investigate the short run lead–lag relationship
between oil and equity volatilities.
6.1. Alternative volatility measures
To check robustness to the latent variance measure, we use two al-
ternative volatility estimates that are widely used in the literature:
these are the squared returns and the conditional volatility based on a
GARCH model.
First, we use daily squared returns to proxy the latent volatility
process.37 To construct the equity return series of the equity markets,
we compiled the Morgan Stanley Capital international (MSCI) stock
market indexes for the relevant countries from Thomson Reuters
DataStream. These indexes are capital weighted and ﬂoat adjusted.
They include all companies traded in each equity market. For each of
the index series, we computed daily continuously compounded returns
as the change in log prices. The squared returns of themarkets are com-
puted across the same sample length which covers the period from the
3rd of March 2008 to the 3rd of February 2015.
Table 4, Panel A reports the matrix of markets' spillovers. The panel
shows similar and different transmission patterns as those reported in
Section 5. As shown in the table, the oil market is a net transmitter of
volatility to all markets in the system. The total transmission of shocks
in the system is around 55% which is comparable to the total spillover
index computed previously. These results conform nicely with the anal-
ysis in Section 5. However, the table also shows that the connectedness
of the oil market with the group of oil producing countries is less pro-
nounced than that reported using implied volatilities in Table 3. For in-
stance, the pairwise connectedness of oil is higher in Germany and
Switzerland (16.1% and 15.3%) than in either the US (13.2%) or in
Canada (14.7%). The highest connection is with the UK where oil spills
17.2% on UK equities. As previously stated, the connectedness of
Russia, a big oil producer, remains relatively low when compared to
either the rest of oil producing countries (UK,US and Canada) or to
other countries (Germany, Switzerland, Mexico).
The inference from realized volatilities is also less revealing in terms
of the difference between developed and developing equity market
linkages. As mentioned previously, the analysis based on implied vola-
tility reveals a clear distinction between transmissions fromoil to devel-
oped markets' equities and to other equities where transmissions are
found to be higher in developed markets (see Table 3). However,
when we change the latent volatility measure to squared returns, this
distinction disappears and the oil risk transfer follows similar patterns
across all developed and developing equity markets.
It is well known that squared returns represent a noisy measure of
volatility. Therefore, we use another measure of volatility implied
from a GARCH-based model. In particular, we estimated an AR(1)-
GARCH(1,1) model for each of the return series. This new conditional
volatility measure is then used to analyze volatility spillovers.
Panel B of Table 4 reports the results that are based on GARCH vola-
tilities. As can be seen in the table, there isn'tmuch change in the results
as compared to Panel A. The GARCH volatilities of oil are still at the cen-
ter of transmissions in the system. Oil has remained the net transmitter
of shocks to all equity markets. Similar to squared returns, the GARCH
measure is less able to distinguish between oil and non-oil producing
countries. The new volatility measure is also less revealing in terms of
distinguishing betweendeveloped and developing countries and, there-
fore, we may conclude that implied volatilities provide more informa-
tion of the nature of oil equity relationship.
Finally, Panels (a) and (b) in the Fig. 4 present the plots of net
pairwise directional dynamic connectedness of oil volatility with the
volatility of each of the equity markets over the sample period using
the two alternative volatility measures. The ﬁgure shows that the37 On using squared returns to measure volatility See Foster and Nelson (1996) and
Triacca (2007).connectedness is largely dominated by the information transmission
from the crude oil market to other equity markets and not the other
way around. These ﬁndings are largely consistent with the previous re-
sults obtained from the implied volatility measures.38
To further investigate the association between oil and equities, we
also test for causality between the oil implied volatility index and the
other implied volatility indexes. The tests complement the previous
analysis inwhich no formal testing for the resultswas conducted.More-
over, the test checks if the association between oil and equity volatilities
can stand a change in the model from which inference is taken.
6.2. Granger causality tests
The analysis in the previous section stresses the importance of oil
transmissions in the directional connectedness between oil and implied
volatilities. In this section we investigate risk transfer from oil to equity
using Granger causality tests.
The tests are employed to investigate lead (lag) transmission of
volatility from oil to equities and vice versa. A signiﬁcant risk transfer
from oil to equity and an insigniﬁcant transmission in the opposite di-
rection conﬁrm the previously observed patterns.
Table 5 reports the results of the tests for the log differences in the
volatility indices.39 The appropriate number of lags in the analysis was
chosen based on the Schwartz information criteria and the Lutkepohl's
likelihood ratio test. Table 5 shows that the lagged changes in oil im-
plied volatility is informative of the future changes in equity volatility
in allmarkets. The causality in the other direction is insigniﬁcant at con-
ventional levels.40 This can be explained by the sensitivity of equity im-
plied volatility indices to macroeconomic fundamentals where oil is a
signiﬁcant contributor. The uncertainty changes in the oil market may
have their implications on the expected macroeconomic environment
and capital market expectations and, hence, they can easily transmit
to equities. Thus, we may conclude that oil plays an important role in
the directional connectedness between oil volatility and equity volatili-
ty during the sample period.41
It is worth to mention here that the causality in volatility is
sometimes not independent of the corresponding return causalities.
With more market openness, the ﬂow of information from one market
to another intensiﬁes and thus affects both returns and volatilities.
These patterns can be seen clearly during market stress. For instance,
the recent plunge in oil prices to $27.62 in January 2016 has dragged
down the S&P500 index by 9%. This simultaneous drastic drop in oil
and equity prices also reﬂects the association of volatilities between
the two markets.
7. Conclusion
The previous studies have concentrated on the impact of oil price
changes on equity price changes, and on using ARCH or realized volatil-
ities to measure the latent volatility process. Moreover, the causality
betweenoil volatility and equity volatilitywas largely derived from stat-
ic models that cover thewhole sample period. Instead, in this paper, we
exploit newly introduced implied volatility indices and new directional
connectedness measures to study the risk transfer between the oilby all markets especially after the global crisis in 2008.
41 The results are robust to the choice of lags in theGranger causality tests. The results for
various lags are not reported but they are available from the authors upon request.
Table 4
Directional connectedness using alternative volatility measures.
To market i From market j
Crude oil USA Canada UK India Mexico Japan Sweden Russia South
Africa
Germany Switzerland Connectedness from others
Panel A: Realized volatility
Crude oil 86.6 2.5 3.5 1.3 0.8 1.7 0.8 1 0.4 0.4 0.4 0.6 13
USA 13.2 69.8 12 0.7 2.7 1.5 2.3 1.2 1.1 2.8 0.2 2.6 40
Canada 14.7 31.9 50.2 0.7 4 2.3 1.4 0.5 1 1.7 0.8 0.7 60
UK 17.2 21.4 20.7 38.7 2.7 2.1 1.7 0.8 0.1 1.1 2.4 1.3 72
India 12.1 2.5 3 4 84.2 2 0.5 0.2 0.2 0.3 0.8 0.1 26
Mexico 13.7 31 14.7 10.3 2.8 27.5 1.1 1.5 3.7 1.7 0.5 1.5 83
Japan 2.7 12.2 10 4.5 2.2 1.3 57.9 2.9 0.2 0.9 3.4 1.8 42
Sweden 8.5 18 14.1 23.2 2.1 1.3 0.9 29.1 0 0.9 0.5 1.3 71
Russia 9.1 10.3 13.1 12.4 2.7 3.9 0.4 1.7 49.4 1.3 1.8 1 58
South Africa 10 13.5 18.5 12.6 2.5 1.7 4.7 2.3 3 35.4 0.9 1 71
Germany 16.1 25.6 10.1 19.9 2.7 2.7 1.9 6.9 1.4 1.5 19.4 1.8 91
Switzerland 15.3 21.4 14 24.3 2.5 2 1.9 3.1 0.5 0.9 4.9 19.3 91
Connectedness to others 139 190 134 114 28 23 18 22 12 14 16 14 716
Connectedness incl. own 248 416 33 58 85 98 59 39 76 53 19 32 Total Connectedness = 54.88%
Panel B: Conditional volatility
Crude oil 86.9 2.3 4.4 3.5 0 0.1 0.3 0.2 0.2 0.5 0.2 1.5 13
USA 12 79.8 4.2 3.9 0.7 0.1 0.7 0.3 5.9 1.9 0.2 0.6 31
Canada 12.3 47 41.5 0.7 1.7 1.2 0.1 0.2 2.7 1.2 0.8 0.5 68
UK 19.6 44.1 7 31 0.7 1 0.3 0.5 3.4 0.4 1.4 0.5 79
India 10.4 0.8 0 4.9 86.2 5.6 0.1 0.1 0.1 0 1.7 0.2 24
Mexico 14 33.8 3.1 17.4 0.8 30.7 0.1 0.4 7.2 0.9 0.6 0.8 79
Japan 15.7 9.1 1 8.5 0.1 4.6 64.8 3.6 0.7 1.1 0.2 0.7 45
Sweden 10.1 32.6 7.1 20.3 0.6 0 0.2 26.1 0.2 2 0.7 0.1 74
Russia 8.2 12.4 2.9 13.7 1.2 1.8 0 0.4 61.2 0.1 0.1 2.1 43
South Africa 8.2 35.4 6.5 17.3 1.9 3.5 1.4 0.7 5.8 17.3 0.5 1.4 83
Germany 16.9 34.3 2.5 19.5 1 2.2 1 6.7 1.4 1.6 21.6 1.3 88
Switzerland 15.3 36.3 4.6 22.6 0.4 2.6 1.3 0.7 3.3 0.2 6.1 16.7 93
Connectedness to others 143 288 43 132 9 23 5 14 31 10 12 10 721
Connectedness incl. own 230 368 85 163 95 53 70 62 92 27 34 26 Total Connectedness = 55.16%
Notes: Realized volatility ismeasured as square returns. The conditional volatility is estimatedby theAR(1)–GARCH(1,1)model. The underlying variance decomposition is based on a daily
VAR systemwith two lags. The (i, j) value is the estimated contribution to the variance of the 10 step ahead volatility forecast error ofmarket i coming from innovations to implied volatility
of market j. The decomposition is generalized, and thus it is robust to the ordering shown in the column heading. The last column (labeled ‘contribution from others’) is equal to the row
sum excluding the diagonal elements, and gives the total directional spillovers from all others tomarkets. The row at the bottom is (labeled ‘contributions to others’) equal to the column
sum excluding the diagonal elements, and reports the total directional spillover frommarket j to others. Finally, The lower right corner is expressed in percentage points and reports the
total volatility spillover index which equal to the grand off-diagonal column sum relative to the grand column sum including diagonals.
90 A.I. Maghyereh et al. / Energy Economics 57 (2016) 78–93market and a group of global equitymarkets. The inference in this paper
is different in that it is based on amore accuratemeasure of risk that re-
ﬂects the consensus of the market on oil and equity volatilities. Hence,
in this study, we are interested in inferring from the relationships that
are implied by the market prices of oil and equity options. Moreover,
compared to previous studies, our methods are more revealing and
the directional connectedness measures are more informative about
which markets are important to establish the linkages and on how
these linkages are changing over time.
In particular, we studied the connectedness between the oil implied
volatility and the implied volatility of equities in eleven major equity
markets in the period that followed the 2008 ﬁnancial crisis. It is also
worth tomention that scarce studies examine the oil equity relationship
during this period.42 Our results indicate that the oil market is playing
the dominant role in the oil equity volatility relationship. The transmis-
sionmechanism of information is skewed in that the information trans-
mission from oil to equities is larger than the transmission in the
opposite direction. Moreover, the pattern of transmission is found to
be time varying with large transmissions in the period that extends
from the mid of 2009 to the mid of 2012 or during the global
recovery. This implies that oil uncertainty matters more to equities at
initial stages of recoverywhen the economic growth is fragile. It also im-
plies that equity options cannot be priced in isolation of the uncertainty42 For instance, seeMollick andAssefa (2013), Awartani andMaghyereh (2013), and Tsai
(2015).that is perceived in the oil market particularly during periods of
recovery.
We recognize here the limitation of the short length of the period
under studydue to the data availability. However, there are clear advan-
tages of using implied volatility over historical volatility in analyzing the
risk transfer between oil and equities. For instance, we ﬁnd that the
analysis based on implied volatility distinguishes more between risk
transmission from oil to oil-producing countries as opposed to non-oil
producing countries. It also differentiates the patterns of risk transfer
to developing countries versus developed countries. The extra informa-
tion disappear when historical volatility measures are used.
These results are important for investors who have exposures to oil
and equity derivatives such as hedge funds. These investors
assume non-linear exposures that are sensitive to volatility and options.
For instance, the strong linkages between oil and equity imply less di-
versiﬁcation beneﬁts of including oil and equity options in a derivative
portfolio, particularly when the underlying companies operate in an
oil producing country.
The evidence on the connectedness between implied volatilities of
oil and equities constitutes useful information for energy risk manage-
ment and asset pricing. For instance, the oil equity implied volatility
connectedness implies that oil price uncertainty cannot be ignored as
a major factor in building a valuation model of equity options. Account-
ing for the connectedness may also help in constructing more accurate
models in forecasting both equity volatility and oil volatility. Finally,
policy-makers should be aware of the fact that oil uncertainty is quite
A  Realized volatility
B  Conditional volatility
Notes: This figure shows the directional volatility connectedness from oil to all markets using two alternative volatility measures (realized and
conditional volatility) over the sample period of 3rd of March, 2008 to 3rd of  February, 2015 estimated with a rolling window of 200-day. The
predictive horizon of the underlying variance decomposition is 10-days ahead.
Fig. 4. Directional connectedness using alternative volatility measures.
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Table 5
Granger causality test for implied volatility indices.
Null hypothesis F-statistic Causality decision
US does not Granger Cause Crude oil 3.0546⁎⁎⁎ (0.0095) Crude oil↔ USA
Crude oil does not Granger Cause USA 10.885⁎⁎⁎ (0.0000)
Canada does not Granger Cause Crude oil 1.6590 (0.1413) Crude oil→ Canada
Crude oil does not Granger Cause Canada 7.7465⁎⁎⁎ (0.0000)
UK does not Granger Cause Crude oil 2.0640⁎ (0.0672) Crude oil→ UK
Crude oil does not Granger Cause UK 9.2530⁎⁎⁎ (0.0000)
India does not Granger Cause Crude oil 0.8368 (0.5235) Crude oil→ India
Crude oil does not Granger Cause India 8.0711⁎⁎⁎ (0.0000)
Mexico does not Granger Cause Crude oil 0.8299 (0.5002) Crude oil→Mexico
Crude oil does not Granger Cause Mexico 3.9265⁎⁎⁎ (0.0015)
Japan does not Granger Cause Crude oil 2.0637⁎ (0.0672) Crude oil→ Japan
Crude oil does not Granger Cause Japan 16.7325⁎⁎⁎ (0.0000)
Sweden does not Granger Cause Crude oil 1.3674 (0.1050) Crude oil→ Sweden
Crude oil does not Granger Cause Sweden 11.8314⁎⁎⁎ (0.0000)
Russia does not Granger Cause Crude oil 1.0738 (0.3729) Crude oil→ Russia
Crude oil does not Granger Cause Russia 3.6853⁎⁎⁎ (0.0025)
South Africa does not Granger Cause Crude oil 0.5179 (0.7630) Crude oil→ South
AfricaCrude oil does not Granger Cause South Africa 8.2805⁎⁎⁎ (0.0000)
Germany does not Granger Cause Crude oil 1.3133 (0.1055) Crude oil→ Germany
Crude oil does not Granger Cause Germany 6.0684⁎⁎⁎ (0.0000)
Switzerland does not Granger Cause Crude oil 1.4447 (0.2051) Crude oil→ Switzerland
Crude oil does not Granger Cause Switzerland 7.8412⁎⁎⁎ (0.0000)
Notes: The table reports the results of the Granger causality tests for the log differences of the indices. Akaike's (AIC), Schwartz's (SIC) information criteria, and Lutkepohl's modiﬁed like-
lihood ratio (LR) test are used to determine the appropriate number of lags for the VAR(p) system.↔ and→, indicate bidirectional and unidirectional causality, respectively. Parentheses
indicate the probability level.
⁎⁎⁎ Denotes signiﬁcance at the 1% level.
⁎ Denotes signiﬁcance 10% level.
92 A.I. Maghyereh et al. / Energy Economics 57 (2016) 78–93relevant and hence incorporate measures that increase equity markets
resiliency to oil volatility shocks.
Appendix A. Supplementary data
Supplementary data to this article can be found online at http://dx.
doi.org/10.1016/j.eneco.2016.04.010.
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